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BACKGROUND AND SIGNIFICANCE
Electronic health records (EHRs) could improve patient safety by facilitating communication, providing access to information, assisting with calculations, monitoring, and providing decision support. 12 But the very presence of EHRs may lead to new unintended consequences, like increasing the likelihood that healthcare providers might be more likely to overlook existing orders and duplicate work. 7, 8 Duplicate orders may be the intention of a provider looking to measure a lab value or radiology study serially. However, duplicate orders may also be markers of poor communication between two providers caring for the same patient, or may be an order placed on the wrong patient, a so-called "near miss". 9 Common strategies to reduce duplicate orders include additional training for users, downstream workflow mitigation (such as screening by pharmacy, laboratory, or radiology), or interruptive alerts, all efforts to block healthcare providers from doing the wrong thing. 12 Though interruptive alerts can be effective, they generally occur after the provider has completed the ordering process, which can result in increased click-count, cognitive dissonance, frustration, and alert fatigue. 13, 14 Interruptive alerts can also disrupt current thought processes, which may lead to even more errors. Larry Weed proposed another approach. He suggested that EHRs could both guide and teach. Passive just-in-time reminders could also be used to help guide users to the right thing, rather than preventing them from doing the wrong thing. The level of interruption to clinician workflows, whether guiding, preventing, or both, should be tailored to the severity and immediacy of the harm being prevented. 3 The time sensitive nature of Emergency Department (ED) visits, combined with the need for parallel workflows and team-based care makes the ED setting particularly vulnerable to unintended duplicate orders. 10, 11 The goal of this investigation is to show the effect of a passive inline just-in-time decision support, functioning as a nudge for providers, on reducing unintentional duplicate orders in the emergency department.
METHODS AND METHODS

Study Design
We performed an interrupted time series to analyze all patient visits 1 year before and 1 year after each intervention.
Setting and Selection of Participants
The study was performed in a 55,000 visits/year Level I trauma center and tertiary, academic, adults-only, teaching hospital. All consecutive ED patient visits 1 year before and 1 year after each intervention were included in the study. No visits were excluded. The EHR used was custom developed at the institution.
Intervention
We implemented a user interface within our CPOE system in the ED that provides passive inline just-in-time duplicate order decision support while the user is in the process of placing an order.
If an order had previously been placed during that ED visit, we cue the user by showing a red highlight around the checkbox of that order. (Figure 1 ) The intervention was performed as a phased implementation starting with laboratory orders (8/13/13), followed by medication orders (2/3/14), and lastly radiology orders (12/12/14).
Duplicate Order Algorithm
An order was determined to be a duplicate if two identical orders were placed, and then one was subsequently cancelled. For the purposes of this algorithm, a laboratory order is uniquely identified by an internal laboratory code, which is then mapped to a LOINC code. Medication orders are uniquely identified by the combination of an internal medication code, route, and dose. For example, two orders for morphine 5 mg IV once would be considered a duplicate order, while an order for morphine 5 mg IV once and morphine 2 mg IV once would not be considered a duplicate. Each internal medication code is then mapped to a medication entry in First Data Bank. Radiology orders are uniquely identified by a Simon-Leeming code. 24 
Methods of Measurement
Data was collected for each patient visit and then aggregated into 8 hours bins, corresponding to the 8 hour shifts worked by clinicians (7a-3p, 3p-11p, 11p-7a). For each bin, the mean patient age was calculated, as well as the percent of female patients, percent of patients with an emergency severity index (ESI) greater than or equal to 3, percent of patients with English as a primary language, percent discharged, and percent admitted. We also collected environmental variables to describe the state of the emergency department when the patient first arrived in the ED. These environmental variables included the current number of patients in the department, number of patients in observation, number of new patients, number of ICU bed requests, number of telemetry bed requests, number of floor bed requests, and number of boarders. We then calculate the mean for each of these environmental variables for each bin. ESI is on a scale from 1 to 5, with 1 being critically ill patients requiring immediate intervention and 5 being the least acute. Boarders are patients who have been admitted to the hospital, but have not yet received a bed after 2 hours.
Outcome Measure
The outcome measure was the number of unintentional duplicate orders in each bin for each of the order types: laboratory, medication, and radiology.
Data Analysis
Data was analyzed using an interrupted time series analysis. Since we performed a phased implementation, we shifted the days so that the intervention occurred on the same day for each order type. Orders were aggregated into 8 hour bins.
We performed individual negative binomial models for each of the duplicate order types: laboratory orders, medications, and radiology studies. The total number of orders, less duplicates, were included as an offset term. All models were controlled at the shift-level, Fixed effects in the model were included for time of day at the shift level, day-of-week, and month-of-sample, as duplicate orders may follow a cyclical pattern throughout the day, week, and year, respectively. We report both the immediate effect, or the level change, of the intervention on duplicate orders and an estimate of the change in trend of duplicate orders after the intervention. Coefficients were transformed into incidence rate ratios (IRRs) in Table 2 .
Stata/SE 14.2 software was used for statistical analysis. A more detailed description of the statistical analysis can be found in the Appendix.
Human Subjects Research Statement
A determination was made by our Committee on Clinical Investigation that this did not constitute human subjects research and was considered exempt from review. (#2019D000239)
RESULTS
Summary Statistics
A total of 730 days were analyzed. Patient demographics and order summary statistics are reported in Table 1 .
Main Results
After the intervention, there was a significant level change with a decrease in laboratory duplicate orders incidence rate ratio (IRR) 0.51 (95% confidence interval (CI) 0.45-0.59) and radiology duplicate orders IRR 0.60 (0.44-0.82). Additionally, while the estimate for medication duplicate orders is positive, it was not statistically significant. There was no change in trend for any of the intervention groups. We report these results from the interrupted time series in Table   2 .
For patient variables, an ESI >= 3 (lower acuity) was also associated with more radiology duplicate orders after the intervention IRR 1.01 (1.00-1.01), but fewer medication duplicate orders, IRR 0.99 (0.99-0.99).
For environmental variables, the number of patients in the waitroom was associated with an increase in medication and radiology duplicate orders. The number of new patients during that shift was associated with a decrease in duplicate orders in the laboratory and medication intervention groups. The number of patients admitted to the ICU during that shift was associated with a decrease in the number of laboratory duplicate orders. Number of patients admitted to telemetry was associated with an increase in medication duplicate orders. Number of patients admitted to the floor during that shift was associated with a decrease in laboratory duplicate orders, while associated with an increase in radiology duplicate orders. Lastly, the number of patients boarding during that shift was associated with an increase in laboratory duplicate orders.
We also report the top 5 duplicate orders for each order type in Supplemental Table to better illustrate the most common unintentional duplicate orders.
DISCUSSION
Just-in-time Passive Decision Support
In our emergency department, a red highlight around an order's checkbox ( Figure 1) significantly reduced duplicate orders for both laboratory testing and radiological procedures but not medications. We have demonstrated a simple, yet effective method of reducing duplicate laboratory and radiology orders that avoids many of the downsides of traditional, interruptive methods. This method was evaluated in a busy clinical setting that relies on effective and efficient team work to care for patients. It takes 9 clicks and the typing of a password to cancel an order in our EHR, which takes 30 seconds to complete. The predicted reduction in unintended duplicate orders saved 17,936 clicks in the year after the intervention, which amounts to 16 hours and 36 minutes of regained productivity.
We took a user-centered approach to user interface design and followed the best practices of clinical decision support to minimize interruptions unless they are clinically necessary. 3 We placed the decision support for duplicate orders just-in-time, which is at exactly the time the decision to order was being made, rather than an interruptive alert, which is after a decision has already been made. We furthermore placed our decision support inline, so that the decision support was in the same area of focus as the intended action.
At baseline, we had relatively few medication duplicate orders compared to laboratory and radiology duplicate orders, which is consistent with ED workflow. Nurses often order laboratory and radiographic studies per clinical protocol, but do not routinely order medications, except in an emergency when a physician gives a nurse a verbal order. A medication duplicate order would normally only occur if two physicians, for example, a resident and attending, both ordered the same medication.
Comparison to Interruptive Alerts
Interruptive alerts fundamentally make the wrong thing hard to do, but often with substantial cost to physician time. By contrast to our strategy, Procop et al used a hard stop phone call requiring physicians to call the laboratory to order a duplicate from a list of more than 1,200 lab tests. 25 This intervention was successful at reducing duplicate lab orders, with only 3% of interruptive alerts being overridden by a phone call, resulting in a cost avoidance of $183,586 over 2 years accounting for materials and laboratory personnel labor, but failing to account for the physician labor used to initiate the call.Though poor usability can be a powerful deterrent, we believe good usability is a more sustainable approach that respects human autonomy and promotes user satisfaction and physician longevity.
Interruptive alerts can also lead to patient harm. In 2006, a multi-center randomized controlled trial was performed to evaluate an interruptive alert to reduce concomitant orders for warfarin and trimethoprim-sulfamethoxazole. 26 Although, the interruptive alert was successful in reducing this drug pair ordering with an adjusted odds ratio of 0.12 (95% CI 0.045-0.33), it also had the unintended consequence of 4 patients who had delays in treatment. The harm was believed sufficient that the IRB terminated the study early.
Intervention User Interface Design
We took a user-centered approach to user interface design and followed the best practices of clinical decision support to minimize interruptions unless they are clinically necessary. 3 We placed the decision support for duplicate orders just-in-time, which is at exactly the time the decision to order was being made, rather than an interruptive alert, which is after a decision has already been made. We furthermore placed our decision support inline, so that the decision support was in the same area of focus as the intended action. A common alternative to providing just-in-time decision support would be to display a list of current orders for a patient on the order entry screen. A user would first need to commit these orders to short term memory and then apply them to the order entry screen. As patients can have tens of orders, this can quickly overwhelm a user's working memory, leading to unintended cognitive errors.
Rather than leverage the user's computational ability to do duplicate order checking, allergy checking, or drug-drug interaction checking, we use a computer's computational ability. Unlike a human, a computer's computational ability is highly reliable, fast, and does not fatigue. We provide this computational capacity in real-time at the time of screen draw with sub-second response times. Though in the past, computational resources were limited and such computations can not be performed in real-time and needed to be precalculated, advances in computational capacity has eliminated this concern.
Additional Use Cases
We also use these same techniques for duplicate order reminders in our order sets, transforming the order set itself into a visual checklist, as shown in Figure 3 . These visual checklists engage the visual and spatial reasoning portions of the brain, offloading the language centers. These same techniques can also be used to guide users when using a clinical decision rules, as shown in Supplemental Figure 1 , suggesting the correct responses based on automated information retrieval. In the same way, such methods can also be used to integrate predictive machine learning algorithms into clinical workflows by guiding users to the correct response along with some explanation from the algorithm to show its work. Since a human is still in the loop, this method would be tolerant to less than perfect performance metrics as newer machine learning models are being created.
Though for this application we employed passive inline JIT decision support alone, this approach need not be mutually exclusive with interruptive alerts. For example, we have also implemented common drug decision support in CPOE and prescribing modules for allergies, pregnancy, and drug-drug interactions using both approaches. Allergy decision support for CPOE and prescribing modules is very amenable to this approach, as some patients can have multiple drug allergies, shown in Supplemental Figure 2 . Though EHRs commonly provide JIT decision support by enumerating a patient's allergies on the order screen, users must still commit these allergies to working memory, and then apply them by drug class to each potential order. This workflow creates multiple failure modes: the committing of allergies to working memory, the grouping of allergies to drug classes, and finally the cross-referencing of drug classes to orders. Our inline decision support offloads this cognitive process from the user, freeing their attention to focus on other clinical tasks.
Limitations
First, we conducted an observational study, and our results may be the consequence of unmeasured confounding variables. Although randomized controlled trials remain the goldstandard for assessing the effect of interventions, it is not always possible in informatics-based interventions in the ED. To mitigate the risks of observation design, we performed an interrupted time series analysis and corrected for every patient level variable or environmental variable collected in our EHR that might be associated with duplicate orders. Further, in our intervention, the effect was unlikely due to chance or secular trends, as the individual interventions on laboratory, medications, and radiology orders were phased in at different times and then time shifted so that the intervention date occurred on the same date.
Second, our outcome measure only captured duplicate orders that were subsequently cancelled, using the act of cancellation as a surrogate for user intent. There were also unintentional duplicate orders that were never cancelled and subsequently carried out.
Third, our intervention and outcome measure only addressed exact duplicate orders. Semantic duplicate orders such as therapeutic duplication are also important and remain as future work.
For example, a patient who is ordered acetaminophen/oxycodone should receive passive JIT decision support no only for acetaminophen/oxycodone, but also for its constituent ingredients: acetaminophen and oxycodone.
Finally, our study was also performed at an urban, academic, adults-only teaching hospital with a custom EHR. The effectiveness of this intervention may differ in other care settings with different baseline unintentional duplicate orders and mitigation workflows.
Future Directions
Our implementation was specific to the ED, but should work in any care setting where clinical care teams must collaborate. Other care settings that have clinicians who are geographically dispersed would amplify the effect of such an intervention. Different care settings will require different thresholds for determining if an order is a duplicate. For example, in the ICU, that threshold might be 4-12 hours. In the hospitalist setting, that threshold may be 24 hours, while in the outpatient setting, it may be 1 week or 1 month. In the ED, having a simple binary representation of whether an order was a duplicate was intuitive and clinically meaningful.
However, in the ICU, having multiple stages corresponding with last order time with additional information such as ordered 5 mins ago or ordered 6 hours ago might be important. We will iteratively develop new user interfaces given this increased complexity as we deploy this intervention across these different care settings.
CONCLUSION
Passive just-in-time decision support is an effective alternative to interruptive post-order interruptive alerts for reducing duplicate order entry. We believe guiding clinicians to a right action is better than telling the clinician they have made an error. Our approach will help reduce alert fatigue and lessen clinician complaints about EHRs. Significance testing was performed using a negative binomial regression with Newey-West standard errors trend of duplicate orders, thus, ( 2 + 3 ) represents the post-intervention trend in duplicate orders. These have been exponentiated into incidence rate ratios.
Figure 1: Passive inline just-in-time duplicate order decision support (red highlight)
A red highlight is placed around the checkbox if that order had previously been placed during that ED visit 
